Integrating genomic information into cattle breeding is an important approach to exploring the molecular mechanism for complex traits related to diary and meat production. To assist with genomic-based selection, a reference map of interactome is needed to fully understand genotype-phenotype relationships. To this end we constructed a co-expression analysis of 92 tissues and this represents the first systematic exploration of gene-gene relationship in cattle. By using robust WGCNA (Weighted Gene Correlation Network Analysis), we described the gene co-expression network of 13,405 protein-coding genes from the cattle genome. Using the 5,000 genes with majority variations in expression across 92 tissues, we compiled a network with 72,306 co-associations and that provides functional insights into thousands of poorly characterized proteins. 
Introduction
42 As the importance in dairy and beef production, the genome of the domestic cattle, Bos taurus, 43 was sequenced in 2009 using hierarchical and whole-genome shotgun sequencing strategy 44 (Zimin et al. 2009 ). To associate the genetic variation with phenotypes, the first phase of the 45 1000 bull genomes project was started to sequence 234 ancestor bulls (Daetwyler et al. 2014 ).
46 Although more and more efforts for genetic improvement of production efficiency and quality in 58 Because of lacking interactome in cattle, the network-based data mining approach are not able to 59 apply to functional discovery for any interesting genes associated with complex traits (Elsik et al. 60 2016) . Recently, a functional proteomic and interactome analysis of the proteins of Angus cattle 61 was presented (Mitra et al. 2014 ). However, this data is specific for beef tenderness with limited 62 tissues, not useful for other large-scale functional studies. With the development of next-63 generation sequencing technologies, cumulative expression data across multiple tissues in cattle 64 are now publicly available and may promote the understanding of gene-gene interaction from 65 network approach ).
66
93 focusing on the top 5000 genes with more variations across samples, we run the gene co-94 expression analysis and build the interaction network for all the 5000 genes. To choose a suitable 95 threshold for reconstruction of co-expression network, we adopted a parameter analysis on the 96 Beta value with most approximating scale-free topology of the network (Langfelder & Horvath 97 2008). As shown in Figure 1 , the final optimal Beta value was 4 based on the scale-free 98 topological analysis.
99 The identification of functional modules 100 To further identify functional modules in our reconstructed co-expression network with 5000 101 genes, the adjacency matrix was further transformed to topological overlap matrix (TOM) using 102 WGCNA package. The hierarchical clustering on all the genes were performed to generate a 103 dendrogram. By using dynamic tree cutting, the functional clusters (modules) were obtained 114 Pathway enrichment analysis and network analysis 115 We performed pathway enrichment analysis on those interested genes by using functional 116 enrichment tools in BGD ). This online tool includes enrichment in predefined 117 pathways from KEGG and Gene Ontology. The reconstructed co-expression network from 118 WGCNA was visualized using the Cytoscape (version 3.4). The topological centrality analysis 119 was performed by using NetworkAnalyzer in Cytoscape (Shannon et al. 2003) . We used degree 120 to represent the sum of the number of connections for each node in a network, and the shortest 121 path represented by the least number of steps from one node to another (Barabasi & Oltvai 2004) .
122 By using the sub-network extraction algorithm described in our previous study (Zhao et al. 123 2015), we built a sub-network to link the 340 DNA binding genes with the other cattle genes.
124 The 340 genes were mapped into the prepared co-expression interactome from WGCNA analysis 125 and the sub-network was extracted according to the shortest paths between the input 340 genes 126 and other genes.
Results

128
Reconstruction of a scale-free co-expression network from 92 cattle tissues using 129 WGCNA 130 Network-based data mining is used to explore the behavior of all the gene-gene interactions and 131 the total of these is greater than would be expected from the sum of all the gene functions. 141 genes with expression across 92 tissues. However, a large number of these genes were not 142 differentially expressed between samples. Therefore, the data set with 13,405 gene expression 143 was processed further by focusing on the 5,000 most variant genes (Table S1 ). The remaining 144 8,405 genes, which showed no or very low changes in expression between samples, were not 145 used for WGCNA analysis. The variability of gene expression data across the 92 samples was 146 measured using a robust method called median absolute deviation (MAD). The 5000 most 147 variant genes were used for analysis in other WGCNA studies (de Jong et al. 2012).
148
149 To build a scale-free network, we run a parameter analysis (Figure 1) . Briefly, an adjacency 150 function in WGCNA was used to weight between different genes in the hypothesis of 151 following a power law. In detail, the correlation data were transformed to adjacency matrix 152 using the formula: a ij = (S ij , β) = |S ij | β . In the formula, the β represent the exponential 153 parameter for power law distribution. Normally, the β was used to characterize the likeness to 154 a scale-free network. In our data, the co-expression for a pair of gene represent a connection 155 between two genes. In general, the number of connection of all the genes in a scale-free 156 network follow a power law distribution P(k)~k -β . The P(k) in our co-expressing network 157 indicates the probability that a gene is co-expressed with k other genes. By setting the 158 criterion that the co-efficiency of log(k) and log(p(k)) is greater than 0.8, we checked all the 159 possible β values. As shown in Figure 1A , we changed the β value step by step to identify the 160 optimal value that the average connectivity of the network is smooth. The β = 4 was finally 161 determined based on the diagnosis chart and the average number of co-expressed genes in the 162 final network was 80 ( Figure 1B) . Using this information, we reconstructed the first and most 163 co-expression network in cattle genome across 92 tissue samples representing the majority of 164 tissue types; this will provide a basis for network-based data mining in cattle genetics and 165 genomics studies.
166 Functional module identification on co-expression network using WGCNA and functional 167 enrichment analyses for the genes in the top five modules 168 To determine the similarity between genes, the WGCNA consider not only the co-expression 169 coefficients between genes, but also the content of co-expressed gene partners. To this aim, a 170 topological overlap matrix (TOM) was calculated based on the adjacent coefficient and how 171 many shared "friends" between any pairs of co-expressed genes. In this way, all the edges 172 between co-expressed genes were weighted by TOM ranging from 0 to 1, which represent the 173 strength of the communication between the two genes. To identify the clustered co-expressed 174 genes with specific functions, we further conducted module identification using using 175 agglomerative hierarchical clustering based TOM (Figure 2A ). Since it was hard to associate 176 small number of genes to specific biological function, we required any functional modules with 177 at least 10 genes. (Table 1) . These pathways are known to be key components in the extracellular 190 signaling system that involve collagen formation and degradation, glycosaminoglycan 191 metabolism and axon guidance (Table 1) .
192
193 By using the GO enrichment analysis, we further discovered more functional features for the five 194 modules (Table 2) 431 Tables   432 Table 1 The sub-network for the DNA binding genes in cattle.
(A) the sub-network extracted for DNA binding genes in cattle; (B) the degree distribution for the network; (C) the short path length frequency for the network.
